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Abstract

Contrastive pre-trained vision-language models, such as
CLIP, demonstrate strong generalization abilities in zero-shot
classification by leveraging embeddings extracted from im-
age and text encoders. This paper aims to robustly fine-tune
these vision-language models on in-distribution (ID) data
without compromising their generalization abilities in out-
of-distribution (OOD) and zero-shot settings. Current robust
fine-tuning methods tackle this challenge by reusing con-
trastive learning, which was used in pre-training, for fine-
tuning. However, we found that these methods distort the ge-
ometric structure of the embeddings, which plays a crucial
role in the generalization of vision-language models, result-
ing in limited OOD and zero-shot performance. To address
this, we propose Difference Vector Equalization (DiVE),
which preserves the geometric structure during fine-tuning.
The idea behind DiVE is to constrain difference vectors, each
of which is obtained by subtracting the embeddings extracted
from the pre-trained and fine-tuning models for the same data
sample. By constraining the difference vectors to be equal
across various data samples, we effectively preserve the geo-
metric structure. Therefore, we introduce two losses: average
vector loss (AVL) and pairwise vector loss (PVL). AVL pre-
serves the geometric structure globally by constraining differ-
ence vectors to be equal to their weighted average. PVL pre-
serves the geometric structure locally by ensuring a consis-
tent multimodal alignment. Our experiments demonstrate that
DiVE effectively preserves the geometric structure, achieving
strong results across ID, OOD, and zero-shot metrics.

Extended version — https://arxiv.org/abs/2511.09973

1 Introduction

Advances in contrastive pre-training have led to the devel-
opment of vision-language models, such as CLIP (Radford
etal. 2021) and ALIGN (Jia et al. 2021). These models con-
sist of two separate encoders for visual and textual modali-
ties. They are pre-trained on large-scale image-text datasets
to learn multimodal representations by mapping images and
texts into a shared embedding space. After pre-training, the
model can execute classification by using these embeddings
even for previously unseen tasks. Specifically, it prepares
text prompts for possible class names and selects the class,
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Figure 1: (a) Illustrative example of generalization degra-
dation. Performance of pre-trained models in out-of-
distribution (OOD) and zero-shot (ZS) settings severely de-
grades after vanilla fine-tuning (FT) on in-distribution (ID)
data. (b) Normalized performance of robust fine-tuning
methods on ID, OOD, and ZS metrics. We used ImageNet
as target task. DiVE performs well across all metrics.

the text embedding of which has the highest similarity to
the image embedding. Such “zero-shot” classification using
vision-language models achieves reasonable performance
on many tasks (Radford et al. 2021) and impressive robust-
ness to various distribution shifts, such as those from natural
images to sketches (Wang et al. 2019).

Despite advances in vision-language models, their zero-
shot performance is often sub-optimal, especially on data
samples that deviate from the pre-training domain, such
as satellite images (Radford et al. 2021). In such cases,
task-specific fine-tuning is commonly used to enhance
performance. However, fine-tuning a pre-trained model
can easily degrade its generalization ability. Specifically,
vanilla fine-tuning (FT) improves performance on in-
distribution (ID) target data but significantly degrades out-
of-distribution (OOD) and zero-shot performance (Kumar
et al. 2022; Ilharco et al. 2022). Figure 1 (a) illustrates an
example: while vanilla FT improves classification perfor-



mance on ID data samples (e.g., dog), it degrades OOD per-
formance on samples from the same classes but in differ-
ent styles (e.g., sketch), as well as zero-shot performance on
samples from classes not seen during fine-tuning (e.g., air-
plane). Given this phenomenon, our goal is to maximize ID
performance without compromising generalization ability.
Achieving this could enhance the practical value of vision-
language models in diverse and dynamic environments such
as self-driving cars.

To tackle this challenge, robust fine-tuning methods for
vision-language models have been proposed. For example,
FLYP (Goyal et al. 2023) executes contrastive learning dur-
ing fine-tuning using class label prompts (e.g., “a photo of
a dog”), unlike vanilla FT, which updates only the image
encoder (Wortsman et al. 2022). This strategy is expected to
enhance the generalization ability by considering both image
and text encoders. Subsequently, ARF (Han et al. 2024) in-
troduces an auxiliary contrastive loss into FLYP using a ref-
erence image-caption dataset with diverse semantics. This
approach works as a replay technique (Rolnick et al. 2019),
retaining pre-trained knowledge.

While these robust fine-tuning methods demonstrate
promising performance, there may still be room for im-
provement in both OOD and zero-shot performance. As
one interesting fact, we found that these methods distort
the geometric structure of the embeddings learned by pre-
training (see Table 1), i.e., the relative positions between
the embeddings. Since the relative distances between em-
beddings reflect the semantic similarity of corresponding in-
puts, this structure is fundamental to the strong generaliza-
tion ability of vision-language models (Goel et al. 2022; Oh
et al. 2023; Yamaguchi et al. 2025). Consequently, its dis-
tortion can degrade both OOD and zero-shot performance.
Therefore, the following research question naturally arises:
Can we improve robust fine-tuning for vision-language mod-
els by preserving the geometric structure of the embeddings?

In this paper, we propose a novel robust fine-tuning
method Difference Vector Equalization (DiVE). DiVE
builds on FLYP, i.e., using contrastive loss for fine-tuning,
and introduces a constraint to preserve the geometric struc-
ture of the embeddings during fine-tuning on the target data.
The idea behind DiVE is to constrain difference vectors,
each of which is obtained by subtracting the embeddings ex-
tracted from the pre-trained and fine-tuning models for the
same data sample. Intuitively, difference vectors represent
the changes in the samples in the embedding space caused
by fine-tuning; thus, constraining difference vectors to be
equal across various data samples can help preserve the ge-
ometric structure (see Fig. 2). Therefore, we first prepare
the image-caption reference dataset, which is also used with
ARE, to obtain the difference vectors for various images and
captions. We then introduce two new losses for DiVE: aver-
age vector loss (AVL) and pairwise vector loss (PVL). AVL
computes a weighted average of the difference vectors and
constrains each difference vector to be equal to this average
vector. Therefore, it preserves the global geometric structure
formed by various image and text embeddings. On the other
hand, PVL constrains the difference vector for each refer-
ence image to be equal to that for its corresponding caption.
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It preserves the local geometric structure by ensuring consis-
tent image-caption alignment for each pair. By incorporating
AVL and PVL into FLYP, DiVE can effectively preserve the
geometric structure of embeddings during fine-tuning.

We empirically demonstrate that DiVE effectively pre-
serves the geometric structure of the embeddings learned by
pre-training, as expected (see Table 1). Concurrently, DiVE
performs impressively on various classification tasks. For
example, Fig. 1 (b) shows that it consistently performs well
across ID, OOD, and zero-shot metrics. These results high-
light the importance of preserving the geometric structure
for robust fine-tuning.

2 Related Work

Robust Fine-tuning for vision-language models. Vision-
language models, such as CLIP (Radford et al. 2021),
demonstrate strong generalization abilities in OOD and
zero-shot settings. However, empirical evidence suggests
that vanilla FT, which updates the weights of the im-
age encoder using downstream data, compromises these
strengths (Wortsman et al. 2022; Ilharco et al. 2022). To
tackle this challenge, robust fine-tuning methods for vision-
language models have been proposed. An early baseline
method, LP-FT (Kumar et al. 2022), first applies linear prob-
ing then fine-tunes the entire weights to enhance OOD per-
formance. FLYP (Goyal et al. 2023) uses vision-language
contrastive learning for fine-tuning. This choice can enhance
OOD performance over vanilla FT by considering both im-
age and text encoders. ARF (Han et al. 2024) is the first
robust fine-tuning method that explicitly aims to enhance
not only OOD but also zero-shot performance. It combines
FLYP and a replay technique (Rolnick et al. 2019), which in-
volves training on a reference dataset (e.g., CC3M (Sharma
et al. 2018)) that resembles the pre-training data, to help re-
cover the inherent generalization ability of the pre-trained
model. While FLYP and ARF show promising performance,
both OOD and zero-shot performance can still be improved.
DiVE improves them by introducing a new perspective: pre-
serving the geometric structure of the embeddings.

Geometry of Embeddings of Contrastive Learning Mod-
els. Contrastive learning has been widely used for represen-
tation learning on various modalities (Chen et al. 2020; Gao,
Yao, and Chen 2021). Most contrastive learning methods
adopt Ly-normalized embeddings for stable learning (Xu
and Durrett 2018), which causes the embeddings to lie on
a unit hypersphere. Wang and Isola (2020) found that the
relative positions between hyperspherical embeddings, i.e.,
the geometric structure, play a crucial role in generaliza-
tion in contrastive learning models. Studies (Goel et al.
2022; Oh et al. 2023; Yamaguchi et al. 2025) have shown
that this structure is also crucial for contrastive pre-trained
vision-language models, such as CLIP. Among these, Cy-
CLIP (Goel et al. 2022) shares some concepts with DiVE
in constraining the geometric structure of the embeddings.
Specifically, it constrains the cosine similarities between in-
modal and cross-modal embeddings during pre-training. We
found that such a cosine similarity-based constraint is in-
sufficient to preserve the geometric structure and improve
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Figure 2: Overview of our proposed method, Difference Vector Equalization (DiVE). It uses contrastive loss for fine-tuning.
While fine-tuning on target data, it constrains all difference vectors for reference data (™! and ") to be equal.

performance, as it captures only the angular relationship be-
tween embeddings. In contrast, our difference vector-based
constraint achieves both (see Table 7).

Maintaining Zero-shot Performance. There are several
approaches for maintaining the zero-shot performance of
vision-language models during fine-tuning, not only robust
fine-tuning. Prompt learning (Zhou et al. 2022b,a; Khat-
tak et al. 2023) optimizes a set of learnable prompt vec-
tors, while freezing the weights of the pre-trained model.
This strategy perfectly maintains the generalization ability.
However, as reported by (Shu et al. 2023), its classifica-
tion performance on target data is often limited due to the
small number of learnable parameters. Methods for contin-
ual learning (Wang et al. 2024) can be adapted to our set-
ting by interpreting the contrastive pre-training as the previ-
ous task. For example, the state-of-the-art method SnD (Yu
et al. 2024) is related to DiVE. Specifically, it leverages a
reference dataset (e.g., CC3M) for feature distillation, i.e.,
constraining the image embeddings from the pre-trained and
fine-tuning models to be identical during continual learning.
In our context, this can be viewed as forcing the difference
vectors to be zero. However, such a strong constraint may
hinder adaptation to target data. In contrast, DiVE allows
for non-zero difference vectors, offering greater flexibility
and better performance (see Tables 2, 3, and 4).

Weight Ensemble. In an orthogonal line of research, several
studies (Wortsman et al. 2022; Ilharco et al. 2022) demon-
strated that ensembling the weights of pre-trained and fine-
tuned models can improve OOD and zero-shot performance.
Although they were originally proposed in integration with
vanilla FT, DiVE can also benefit from such ensembling
strategies. We present the results of integrating DiVE into
this strategy in the Appendix.

3 Preliminaries

We fine-tune a contrastive pre-trained vision-language
model, such as CLIP (Radford et al. 2021), on target data.
A vision-language model comprises an image encoder fy :
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X — R? and text encoder g T — R?, where 6 and
¢ represent the weights of the image and text encoders, re-
spectively. Furthermore, X and 7 denote the image and text
spaces, respectively, and d is the dimension of the embed-
dings. During the pre-training, image-text pairs are sampled
from a web-scale training dataset S = {(x;,¢;)}Y,, where
x; € X is the i-th image sample and ¢; € 7T is the corre-
sponding text description. A contrastive loss function L is
used to align the image embedding fp(x;) with the corre-
sponding text embedding g (%;),

Zl

=1

exp(fo(xi) - 9o (ti)/T)
Sy exp(folai) - gs(te)/7)
(

)
(
. exp(fo(x;) - go(ts)/ ) .

Sy exp(fo(xr) - go(t:) /)

Here, B is the batch size, 7 denotes the temperature used
to scale the pairwise similarities, and - indicates an inner
product. Both encoders output Lo-normalized embeddings,
making their inner product equivalent to cosine similarity.

During inference, we first prepare text prompts t¢ € T
for each class of interest ¢ € C, such as

=1

(@)

where [c] represents the c-th class name. Even for previously
unseen tasks, i.e., the zero-shot setting, the model classifies
a test image x*** by selecting the class § whose t¢ has the
highest similarity to the image embedding,

t¢ = “a photo of a [c]”,

§ = argmax fy(@"") - g, (t°). 3)

We consider a fine-tuning problem that updates the
weights of encoders, i.e., 0 and ¢, using the target data
St = {(zt4,44)}Nd With DiVE, we inherit the basic
fine-tuning strategy of FLYP, which leverages supervision
via a contrastive loss. Namely, we use the loss function £
in Eq. (1) on S'4, where the class label 3! is converted into
a text prompt, as described in Eq. (2).



4 Proposed Method

This paper proposes DiVE, which explicitly preserves the
geometric structure of the embeddings. Figure 2 shows an
overview of DiVE. Similar to ARF (Han et al. 2024), we use
a reference image-caption dataset S™f = {(axef, ¢ref)} Neer,
which resembles the pre-training dataset S and covers di-
verse semantics. Our main idea is to constrain the differ-
ence vectors between the embeddings extracted from the
pre-trained and fine-tuning models to be equal across all im-
ages and captions in S™'. The difference vectors for a1

;
and ¢:*f are defined as',

w(@i™) = fo, (@) — fo,.. (@), 4)
V() = gor (85°) = g, (B1), (5)

where {0pre; dpre} and {0, ¢ } represent the weights of
the pre-trained and fine-tuning models, respectively. In other
words, our ideal state is u(z}*) = v(t}*f) = ... = u(wﬁfef)
= v(t’ﬁfef) after fine-tuning. Achieving this state effectively
preserves the geometric structure of the embeddings ex-
tracted from the pre-trained model (see Fig. 2), protecting
it from distortion caused by fine-tuning (Rajaee and Pile-
hvar 2021; Kumar et al. 2022). We thus introduce two new
losses, i.e., average vector loss (AVL) and pairwise vector
loss (PVL), which we formulate in the following sections.

4.1 Average Vector Loss

In AVL, we first compute an average vector m € R from
the difference vectors for the images and captions within a
mini-batch from S™f. Here, m is defined as the exponential
moving average of difference vectors from previous batches,

u(a}?ef) + v(t?ef)
( 5 , (6)

where m, is the average vector used in the immediately pre-
vious batch, and B’ is the batch size of the mini-batch from
S*f. B’ does not necessarily have to be equal to the batch
size of the mini-batch from target data (i.e., B in Eq. (1)).
Furthermore, « is a hyper-parameter for determining the ef-
fect of the current difference vectors on updating the average
vector. By setting a large « (e.g., 0.99), the average vector
maintains high consistency across batches while reflecting
the current trend of difference vectors. We initialize m as a
zero vector because 1, is undefined for the first batch.

By using m, AVL constrains each difference vector,

B’

>

J=1

(1-a)
B!

m=aq«a-mp+

B/
1
Lo =5 > (lu(@y) = mlf* + [[o(tfh) —m?). (7)

Jj=1

This formulation encourages all difference vectors to be
equal to the average vector and preserves the global geomet-
ric structure formed by various image and text embeddings.

IStrictly, embeddings lie on a unit hypersphere, so difference
vectors should account for curvature. However, we found that the
norm of the difference vectors is very small (1073 to 10 on av-
erage), allowing the curvature to be ignored in practice (Lee 2012).
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Method RSA correlation score (1)
FLYP 0.825
FLYP + replay 0.850
SnD 0.847
~ FLYP+AVL 0978
FLYP + PVL 0.976
DiVE 0.981

Table 1: Representation similarity analysis (RSA) correla-
tion scores of robust fine-tuning methods. “FLYP + replay”
denotes FLYP using auxiliary contrastive loss, which serves
as proxy for ARF. We used Flickr8K dataset for evaluation.

4.2 Pairwise Vector Loss

While AVL preserves the global geometric structure, PVL
preserves the local geometric structure formed by each
image-caption pair. Since distortion of this local structure
directly affects inference of the vision-language model us-
ing Eq. (3), preserving it is critical for their generalization.
PVL thus constrains the difference vectors for the reference
image 2" and that for its caption ¢},

B/
1 re ref
Loy = B Z ||U(~73] f) - U(tj t)”2- ®)
j=1

Finally, by combining AVL and PVL into FLYP, we ob-
tain the loss for fine-tuning the pre-trained model,

ﬁﬁnal - Ecl + A (ﬁavl + ﬁpv1)7 (9)

where ) is the hyper-parameter for determining the effect of
AVL and PVL. Furthermore, L, is the contrastive loss de-
fined in Eq. (1) using the target data S*. Note that during
inference, DiVE uses only the final fine-tuned model, incur-
ring no additional computational cost beyond the original
vision-language models.

S Experiments
5.1 Datasets

We used the following benchmarks to measure ID, OOD,
and zero-shot performance.

ImageNet (Deng et al. 2009) is an object-centric dataset
containing 1.2M training and 50,000 validation images from
1,000 classes. We considered ImageNet-V2 (Recht et al.
2019), ImageNet-R (Hendrycks et al. 2021a), ImageNet-
A (Hendrycks et al. 2021b), ImageNet-Sketch (Wang et al.
2019), and ObjectNet (Barbu et al. 2019) as the OOD
datasets following (Goyal et al. 2023; Han et al. 2024). Fol-
lowing common practice (He et al. 2016), we report the per-
formance on the ImageNet validation set as ID performance.
iWildCam (Beery, Cole, and Gjoka 2020) consists of im-
ages from 182 animal species. The ID and OOD datasets
differ in the camera used and factors such as background and
illumination. We used the standard splits for training, vali-
dation, and ID and OOD testing (Koh et al. 2021). As the
dataset has label imbalance, we report the macro F1-score,
following Goyal et al. (2023).



Method ImageNet (ID) | ImageNet-V2 ImageNet-R ImageNet-A ImageNet-Sketch  ObjectNet | OOD avg

Pre-trained 68.3 61.9 77.7 50.0 48.3 55.4 58.7
© VanillaFT | 813 | n2 661 378 461 533 | 549

LP-FT 81.7 72.1 73.5 47.6 50.3 58.2 60.3
FLYPT 82.2 73.0 71.5 48.4 49.7 54.8 59.5
ARF 82.7 72.8 75.6 50.3 51.8 55.8 61.3
SnDf 82.4 73.2 74.3 50.0 514 54.5 60.7
DiVE (ours) 82.5 73.8 77.3 54.9 529 56.9 63.2

Table 2: Experimental results of ID and OOD performance using CLIP ViT-B/16. We report results of ID dataset, i.e., ImageNet,
and five OOD datasets. Numbers represent top-1 accuracy. | denotes our reproduction results. Bold indicates best result among

fine-tuned methods, i.e., excluding pre-trained model.

FMoW (Christie et al. 2018) consists of satellite images of
62 classes for different land and building types. The ID and
OOD datasets differ in the time of their collection and loca-
tion, i.e., continent. We used the standard splits for training,
validation, and ID and OOD testing (Koh et al. 2021). We
report the ID testing accuracy and the worst-region OOD
testing accuracy, following Goyal et al. (2023).
Zero-shot performance is evaluated using ten image classi-
fication datasets that cover various image domains: Caltech-
101 (Fei-Fei, Fergus, and Perona 2004), Flowers (Nils-
back and Zisserman 2008), Food (Bossard, Guillaumin, and
Van Gool 2014), SUN397 (Xiao et al. 2010), DTD (Cim-
poi et al. 2014), Aircraft (Maji et al. 2013), Stanford-
Cars (Krause et al. 2013), OxfordPets (Parkhi et al. 2012),
EuroSAT (Helber et al. 2019), and UCF-101 (Soomro, Za-
mir, and Shah 2012). We followed the zero-shot evaluation
strategy by (Radford et al. 2021) using prompt engineering.
We used CC3M (Sharma et al. 2018) as the refer-
ence image-caption dataset S to ensure fair compari-
son with ARF, which also uses this dataset. We also used
Flickr8K (Rashtchian et al. 2010) and COCO Captions (Lin
et al. 2014) for the analysis in Sec. 6.

5.2 Baselines and Implementation Details

We considered three key baselines: FLYP (Goyal et al.
2023), ARF (Han et al. 2024), and SnD (Yu et al. 2024). The
first two are robust fine-tuning methods that show promis-
ing performance, as discussed in Sec. 2. SnD was originally
designed for continual learning, but we adapted it to our
setting. Specifically, during fine-tuning, it constrains image
embeddings as fo,, (a:;ef) S0, (m?ef) using a reference
dataset. We also report the performance of the pre-trained
model, vanilla FT (Wortsman et al. 2022), and LP-FT (Ku-
mar et al. 2022) for a comprehensive comparison. Both
vanilla FT and LP-FT update only the image encoder using
the cross-entropy loss with an added classification head.
We used CLIP ViT-B/16 (Dosovitskiy et al. 2021) pre-
trained on LAION-400M (Schuhmann et al. 2021) as the
base pre-trained model and also used CLIP ViT-L/14 in
Table 8. We report the average results across three seeds.
We reused the codebase and most of the hyper-parameters
from FLYP (Goyal et al. 2023), including the AdamW op-
timizer (Loshchilov and Hutter 2019), cosine learning rate
scheduler, and a batch size of B = 512 for ImageNet and
B = 256 for other datasets. Unless otherwise noted, we set
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B’ = B. We also carried out early stopping on the basis of
the ID validation performance. The Appendix describes the
hyper-parameters and their selection in detail.

Regarding the hyper-parameters in DiVE, we set A =
1000 chosen from {100, 500, 1000, 2500, 5000} by tuning
on the ImageNet validation set and used it for all datasets.
We set a = 0.99 in Eq. (6); its effect is analyzed in Sec. 5.5.

5.3 Effect on Preserving Geometric Structure

We first evaluated the effect of DiVE and the key baselines
on preserving the geometric structure of the embeddings, a
key aspect for our research question. We used the representa-
tion similarity analysis (RSA) correlation score (Kriegesko-
rte, Mur, and Bandettini 2008; Dwivedi and Roig 2019).
This score quantifies the similarity between all pairwise rela-
tionships of embeddings obtained from two different mod-
els. Specifically, we computed the Pearson correlation be-
tween the pairwise cosine distance matrices of embeddings
from the pre-trained model and from each fine-tuned model,
using the Flickr8K dataset. A higher score indicates better
preservation of the geometric structure of the embeddings
extracted from the pre-trained model.

Table 1 lists the RSA correlation scores obtained with the
baselines and DiVE, including its ablated variants, when us-
ing ImageNet as a target task. Since the official implemen-
tation of ARF is not publicly available, we used FLYP with
an auxiliary contrastive loss on CC3M as a proxy for ARF,
which we refer to as “FLYP + replay”. Its implementation
details are explained in the Appendix. We found that the
baseline methods struggled to fully preserve the geometric
structure of the embeddings extracted from the pre-trained
model, as indicated by the RSA correlation scores remain-
ing in 0.825 to 0.850. In contrast, DiVE and its variants (with
AVL or PVL only) significantly improved the preservation,
achieving scores of about 0.98. These results indicate that
DiVE successfully preserves the geometric structure, as in-
tended. DiVE also achieved a higher score than either AVL
or PVL alone, demonstrating the effectiveness of combining
these complementary losses.

5.4 Performance Comparison with Baselines

We evaluated DiVE on ImageNet as a target task and com-
pared its performance with the baselines. Table 2 reports
ID and OOD performance, while Table 3 presents zero-shot
performance. From Table 2, DiVE achieved the second-best



Method Caltech Flowers Food SUN DTD Aircraft Cars Pets FEuroSAT UCF | ZS avg

Pre-trained 88.0 71.0 88.5 653 447 24.3 64.7 89.0 553 68.7 66.0
~ VanillaFT 788 160 373 393 297 47 108 802 154 443 | 357

LP-FT 84.0 443 68.8 499 379 15.8 37.7 819 30.4 59.5 51.0
FLYP! 87.6 39.7 63.3 526 368 8.0 323 772 38.2 59.0 49.5
ARF 88.6 46.4 745 638 404 13.9 447 83.1 35.8 64.6 55.6
SnDf 89.1 49.5 69.6 58.7 387 11.0 425 79.6 42.7 62.6 54.4
DiVE (ours) 88.4 66.0 843 647 47.0 221 555 88.4 51.4 68.9 63.7

Table 3: Zero-shot performance on ten evaluation datasets using CLIP ViT-B/16 on ImageNet. Numbers represent top-1 accu-
racy. T denotes our reproduction results. Bold indicates best result among fine-tuned methods, i.e., excluding pre-trained model.

iWildCam FMoW

Method ID 00D ZS D 00D ZS
Pre-trained 87 112 660 204 187 66.0

"7 VanillaFT =~ 481 35.0 502 685 392 446
LP-FT 497 347 516 684 404 579
FLYP 522 356 510 686 413 451
FLYP +replay!  48.5 358 623 687 412 63.0
SnD' 506 370 604 670 414 56.6
DiVE 531 372 653 699 423 65.1

Table 4: Results on iWildCam and FMoW. ZS indicates av-
erage zero-shot performance across ten evaluation datasets.
Following common practice, we report macro Fl-score for
iWildCam and top-1 accuracy for FMoW. t denotes our re-
production results. Bold indicates best result among fine-
tuned methods, i.e., excluding pre-trained model.

ID performance, despite introducing additional constraints,
AVL and PVL, into FLYP. For OOD performance, DiVE
achieved state-of-the-art results on four out of five OOD
datasets, as well as the highest average performance across
them. For zero-shot performance in Table 3, DiVE achieved
state-of-the-art performance on nine out of ten evaluation
datasets, with an average performance of 63.7%. This rep-
resents a significant improvement over the previous best
method, ARF, which achieved 55.6%. It is worth noting that
the zero-shot performance dropped by only 2.3 points from
the pre-trained CLIP ViT-B/16 while improving by 14.2 and
4.5 points in ID and OOD performance, respectively. As a
result, DiVE achieved a well-balanced performance across
the three evaluation metrics (ID, OOD, and zero-shot) at
a high level, as shown in Fig. 1 (b). Given that DiVE sig-
nificantly improves the preservation of the geometric struc-
ture of the embeddings learned by pre-training, as shown in
Table 1, these results support that preserving the geomet-
ric structure is effective for robust fine-tuning, providing a
positive answer to our research question. We also confirmed
statistical significance on the basis of the results from three
seeds, as reported in in the Appendix.

Table 4 also shows the results when iWildCam and
FMoW are each used as a target task. We report the average
zero-shot performance over ten evaluation datasets. Since
ARF’s performance on iWildCam and FMoW is not re-
ported, we used “FLYP + replay” as the proxy for ARF. Con-
sistent with the results on ImageNet, DiVE demonstrated
state-of-the-art performance across the three evaluation met-
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Method ImageNet 7S av
AVL  PVL | ID OOD ave. &
Baseline (FLYP) | 82.2 59.5 49.5
VA 824 629 (+3.4) | 629 (+13.4)
v 824 62.6 (+3.1) | 62.7 (+13.2)
v v 82.5 63.2(+3.7) | 63.7(+14.2)

Table 5: Ablation study of AVL and PVL in DiVE on Ima-
geNet. Baseline uses only contrastive loss (i.e., FLYP).

Q@ ID OODavg. ZS avg.
0 82.4 61.7 61.4
0.5 82.5 62.6 62.4
0.9 82.4 62.8 62.9
0.99 (default) 82.4 62.9 62.9

Table 6: Effect of « of AVL on performance.

rics. These results indicate that the effectiveness of DiVE is
not specific to a particular dataset.

As described in Sec. 2, SnD shares certain concepts with
DiVE in that it constrains the difference vectors to be zero.
However, from Tables 2, 3, and 4, SnD consistently under-
performed compared to DiVE. This suggests that constrain-
ing the difference vectors to be zero imposes overly strong
constraints, which may conflict with the objective of fine-
tuning, i.e., adapting to the target data. We also found that it
does not sufficiently preserve the geometric structure of the
embeddings, as shown in Table 1%. These findings suggest
that allowing non-zero difference vectors, as DiVE does,
provides greater flexibility during fine-tuning.

5.5 Ablation Study

We conducted an ablation study to analyze the effects of
AVL and PVL on DiVE’s performance. Table 5 presents
the results of applying AVL and PVL individually when us-
ing ImageNet as a target task. AVL significantly improved
performance in OOD and zero-shot settings by 3.4 and
13.4 points, respectively. PVL also yielded improvements
in these metrics, though to a lesser extent. This is because

2We used the same hyper-parameters as used by (Yu et al.
2024). While increasing the effect of the constraint by tuning the
hyper-parameter improves the RSA correlation score and zero-shot
performance, we empirically observed that it severely degrades ID
performance, indicating that the fine-tuning process is impeded.



Method ID OODavg. ZSavg. RSA
Cosine  82.4 62.3 61.7 0.949
DIiVE 825 63.2 63.7 0.981

Table 7: Comparison between constraints on cosine similar-
ities and difference vectors in DiVE.

PVL focuses solely on constraining the difference vectors
for paired image-caption data samples without ensuring con-
sistency across all difference vectors. However, when PVL is
combined with AVL, it preserves the local geometric struc-
ture, thus complementing AVL and enhancing performance.
These results indicate the effectiveness of complementary
AVL and PVL, consistent with the results shown in Table 1.

We also investigated the effect of o in Eq. (6). Table 6 lists
the results for various o in AVL. When o« = 0, both the OOD
and zero-shot performance remained sub-optimal. This may
be because the average vector m varies across batches, hin-
dering the effective preservation of the geometric structure.
Increasing « leads to improved performance. In particular,
using a large « (e.g., 0.9 or 0.99) achieved high OOD and
zero-shot performance. These results suggest that AVL en-
hances OOD and zero-shot performance by providing a sta-
ble average vector across batches.

6 Detailed Analysis

This section provides detailed analyses of DiVE. We con-
ducted experiments on ImageNet as a target task.
Comparison to Cosine Similarity-based Constraint. As
described in Sec. 2, CyCLIP (Goel et al. 2022) uses the co-
sine similarity-based constraint to learn a desired geometric
structure. In contrast, DiVE uses the difference vector-based
constraint. To compare these approaches, we modified DiVE
to constrain the cosine similarities between embeddings in-
stead of its original vector-based constraint. Specifically, we
replaced the difference vectors, u(-) and v(-), in Egs. (6),
(7), and (8) with ©°°%(-) and v°°*(-). They are defined as

w5 = fo, (@5°F) - fo,,. (@), (10)
VS (EET) = g, (E7) - g, (EF). (11)

Table 7 shows the comparison results, where “Cosine” in-
dicates the use of u°°%(-) and v°°*(-). Constraining cosine
similarities, as done with CyCLIP, resulted in a lower RSA
correlation score compared with constraining the difference
vectors. It also performed poorly across all evaluation met-
rics. This is likely because cosine similarity captures angular
closeness on hyperspherical embeddings but not the direc-
tion of their difference. This result highlights the effective-
ness of DiVE, which constrains the difference vectors.

Results using ViT-L/14. In Sec. 5, we used CLIP ViT-B/16
as the base model. To evaluate the generality across archi-
tectures, we report results using CLIP ViT-L/14 pre-trained
on LAION-400M in Table 8. For methods that use the refer-
ence dataset (CC3M), i.e., FLYP + replay, SnD, and DiVE,
we decreased B’ to 256 due to GPU memory constraints.
We observe that similar trends hold for ViT-L/14 as with
ViT-B/16, i.e., DiVE achieved strong results across the three
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Method ID OODavg. ZS avg.
Pre-training ~ 75.2 70.9 72.7
~ FLYP 860 715 = 554
FLYP + replay 85.8 72.6 65.9

SnD 86.0 73.2 61.2
DiVE 86.1 74.5 70.1

Table 8: Experimental results on ImageNet using CLIP ViT-
L/14. Bold indicates best result among fine-tuned methods,
i.e., excluding pre-trained model.

Reference dataset ~ Size ID OODavg. ZSavg.
None (FLYP) 0 82.2 59.5 49.5
~ Fickr8K 8K 822 606 = 552
COCO Captions 118K 824 62.3 62.2
CC3M (defalut) 3M 825 63.2 63.7

Table 9: Results of DiVE with various reference datasets.

metrics. This indicates that the effectiveness of DiVE is not
tied to a specific architecture and scales well to larger mod-
els, such as ViT-L/14.

Reference Datasets. We evaluated the impact of the choice
of the reference dataset. Table 9 presents the results of DiVE
with Flickr8K, COCO Captions, and CC3M as the refer-
ence dataset. We confirm that all variations consistently
outperformed the baseline, which does not use a reference
dataset (i.e., FLYP). We also observed that performance im-
proved as the dataset size increased. This trend may be be-
cause larger datasets cover a wider region in the embedding
space. Despite this trend, it is worth noting that, even when
using COCO Captions, DiVE improved both OOD and zero-
shot performance over ARF (relying on CC3M).

7 Conclusion

We proposed Difference Vector Equalization (DiVE), a ro-
bust fine-tuning method for contrastive pre-trained vision-
language models. DiVE aims to preserve the geometric
structure of the embeddings learned by pre-training, en-
abling fine-tuning without compromising the generalization
ability. It thus constrains the difference vectors caused by
fine-tuning to be equal across various data samples. We in-
troduced two losses: average vector loss (AVL) and pairwise
vector loss (PVL). AVL preserves the geometric structure
globally by constraining difference vectors to be equal to
their weighted average. PVL preserves the geometric struc-
ture locally by ensuring a consistent image-caption align-
ment. Extensive experiments demonstrated that DiVE sig-
nificantly improves the performance of baseline methods by
preserving the geometric structure. We believe that DiVE is
not only a practical method but also opens a new direction
in fine-tuning vision-language models by offering strong ev-
idence for the importance of preserving the geometric struc-
ture of the embeddings. As future work, we aim to deepen
the theoretical understanding of DiVE and clarify the prin-
ciples underlying its effectiveness.
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